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Multitarget Tracking Algorithm Based on an Improved YOLOv3
Algorithm

Zhang Xiangsheng , Shen Qing
School of Internet of Things Engineering, Key Laboratory of Advanced Control of Light Industry Process,
Ministry of Education, Jiangnan University, Wuxi, Jiangsu 214122, China

Abstract To solve the problem of high missed rate and slow detection rate in the current multitarget tracking
process, a multitarget tracking algorithm with an improved YOLOv3 network structure is proposed. First, the K-
means+ + algorithm is utilized to cluster the target boundaries in the dataset. The priori parameters of the network
are optimized using the clustering results. Then, the deep separable convolution module is employed instead of
standard convolution in the Darknet-53 feature extraction layer, thereby reducing the number of parameters. In
addition, the key channel information of the feature map is highlighted by applying the SENet module in the YOLO
prediction layer. Finally, the improved YOLOv3 algorithm is used to implement the detection of a target in the
classic tracking-by-detection framework. Meanwhile, the Deep-SORT algorithm is adopted in the tracking part.
Experimental results show that the proposed multitarget tracking algorithm can effectively reduce the missed
detection rate and take into account the detection accuracy and real-time performance, simultaneously.

Key words image processing; multi-target tracking; YOLOv3 network; SENet structure; deep separable
convolution; Deep-SORT algorithm
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Table 1  Size of a priori boxes with different numbers
of a priori boxes
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Table 2 Target detection algorithm performance

comparison results

Detection algorithm Avgmisrate /% F./% FPS

Faster RCNN 32.15 88.57 5.52
YOLOv3 27.80 95. 41 15.65

Our algorithm 13. 60 96. 56
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Table 3 Comparison of the indicators of the test set on

different sequences

Sequence  Ayor/% A Pyor/% A sp¥  FNy
Venice-1 55.1 77.6 41 1212
KITTI-19 30. 2 69.4 91 1626
KITTI-16 40. 8 71.9 33 619
ETH-Crossing  66.3 80. 4 15 252
PETS09-S2L.2  55.6 73.1 177 2938
TUD-Crossing  76.8 72.8 21 202
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Hitt YOLOv3-Deep-SORT i, Jdi /b T 2 8w L i
F+T FPS #JEE .
£ 4 Z BIRREFEITM I PR X L

Table 4 Comparison of evaluation indexes of multi-target

tracking algorithms

Algorithm Avor/ % A Pyor/% 4 sip v FPSA
YOLOv3-SORT 46. 8 61.9 102 —
Faster RCNN-Deep-SORT  35. 3 56.5 72 —
YOLOv3-Deep-SORT 54. 8 68.0 68 2.8
YOLOv3-Kalman™" 39.2 66.2 107 —
SiamCNN 45.3 70. 4 105

MOTDT 57.3 75.3 70—
MDP* 46. 4 71.3 93—

Our algorithm 56.0 78.2 57 4.4

3.5 EEXHHRESH

3 51E I MOT15, MOT16, ETHZ £ H #5 i
R SE T B R A HEAT 2 H bR R EE SL

D HARBREESCE., K8 HIEF MOTI5 £ H
T R B B B ALY 9 R AT 1) 22 H AR BR RS . AR
BT [ 5 AR Sk FA B8 — 2 5 AT AN R N 2%
H SIS N . % YOLOv3-Deep-SORT % %=
ARSI 7E MOT15 B4 PETS09 [F51 1435
PEAT SIS o X L[] — it ST RT 240, 6 BB SF 68 it
%5 226 Wi, YOLOv3-Deep-SORT 54 2 #2 52 iif %
PR R AT N A SCEE TR BB A X AT N H AR a2E AT HE
T 3 G 000 55 R 5 AR 585 154 Wotv o DR KT AT %) 0 4 A
FPEE, YOLOv3-Deep-SORT 83 K fig 1R 4 M AE 2
H A% BT FE IS 04T AT K 1 2otk 5 i) 30
A R R AR R AT (] B R A A A5 b A ) R D Y
FE I .

2) HbrERi A E L. Bl 9 BT MOT16
Bl £ 1 MOT-06 J7 51 #F 47 /9 % te sE 5, JL
55103 WEMG b BT K B AR S S m b B AR
&, YOLOv3-Deep-SORT %75 A fiE 1R I Hb BR 17
H bR » AR SCHTE AT LA S b 58 BEBR B AT 555 55 131
S 140 M ERMG P B BT B A R 824 B AR Y
I B s YOLOv3-Deep-SORT 7E 58 4% 1 4 4 2 (1)
16 00T 45 5 7 AR MR R R 25 A A The R 2R A8 v 114 () S
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68" frame 226" frame

(®)

8 ZF MOTI15-PETS09 J7 51 (57 I BRER S5 X . (@) YOLOv3-Deep-SORT BREF 45 5 (b) A% SCHT 1k BR i 45 5t
Fig. 8 Comparison of algorithm tracking results based on MOT15-PETS09 sequence. (a) YOLOv3-Deep-SORT

tracking results; (b) our algorithm tracking results

103" frame 131 frame 140" frame
(b)

B9 2T MOT16-06 51 M5k BRERZS SR X . (a) YOLOvV3-Deep-SORT BRER S 55 (b) A U5 5 B i 45 1
Fig. 9 Comparison of algorithm tracking results based on MOT16-06 sequence. (a) YOLOv3-Deep-SORT tracking

results; (b) our algorithm tracking results
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RSO fE 6 A A M 2 B O P A H B
Kl 10 2 BA /N H b £ R IR B9 ETHZ %4 4
eth-02 J@ S8, 5 131 Wil Sk B T K/

ANERR A SCEE AT DA AR A I B/ B BR AT N

131* frame

209" frame
()

55209 WURIES 229 WG P BT 24 B bR
HH 5 B P 69 1% B . YOLOv3-Deep-SORT 5. 12
WA7AE — R B0 T R TR) AL . A 53k BB A8 A 2 i 2
R O 4 Y F AR

=

229" frame

/10 3T ETHZ-eth02 4 BB R IRERZ5 RRT . (a) YOLOv3-Deep-SORT BRs 25 5 5 (b) A SCHE vk It 45
Fig. 10 Comparison of algorithm tracking results based on ETHZ-eth02 sequence. (a) YOLOv3-Deep-SORT

tracking results; (b) our algorithm tracking results

45 i

=H

Wi i tracking-by-detection #E %%, £ YOLOv3
W 2% Fll Deep-SORT 53 (i LAl |, &%k 5 A7 A6
PR R o A b i 8 1 A U A 1), B K-means + + &
KI5 EPLA S B0 HE 5 R HT R BE AT 43 B 45 BB L 4
YOLOv3 M 2% b 1 A5 o £ BB B, 147 R0 A1 42
JF¥ SENet £ Hefix A 2 W 2% 150 I )2 h, 5 Deep-
SORT Z HAriRERFIEMAT & . BRI 458,

1) f# ] K-means B2+ + F i L LG HE,
AT ] K-means 2T kBB R KR ZE T /N,
FHREE T 43 85 8 BUCE YOLOv3 45 i An o 5 R,
e TR s AT R . A SENet #5352 e i
AN (7] 38 T8 [ 4R¢ A0 A0 A OC 1 R kL R T I 45 Y
FROEAR MURE 07 42 T+ 1 K OKS BE  JF HL45 & Deep-
SORT 2 H bR #2505 2R 100 52 3L 1 8 MR B0 0% Pk
HA R IR,

2) #F MOTI15,.MOT16,ETHZ £ H b5 IR &
B R X FIETE 2 H AR 5T 19 8RR ROR 317 50
UE . G55, B4 0% etk 55 1k R 8 A AN M o A
o J Y 2 T A1 0 5 I FLATY BE PR 15 PR Y A
3 ARV G ) R AR A e 0 S L X

S BRI E A A S R — R R S
RIE
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